Objectives. Since behavioural risk factors are the foremost causes of disability and premature mortality, developing new perspectives for understanding them is of utmost importance. This paper describes an innovative approach that conceptualizes healthrelated behaviours as nodes in a weighted network.
It has been known for more than two decades that about half of all deaths can be attributed to external (non-genetic) factors (McGinnis & Foege, 1993) . Recently, a report from the American Heart Association concluded that poor lifestyle-related behaviours and behavioural risk factors are the foremost causes of death and disability in the world *Correspondence should be addressed to Gabriel Nudelman, Faculty of Psychology, Philipps University of Marburg, Gutenbergstraße 18, 35032 Marburg, . (Mozaffarian et al., 2016) . Specifically, non-adherence to health-related behaviours, such as smoking, unhealthy nutritional habits, and physical inactivity, contributes to the risk of developing various types of cancer, diabetes, high blood pressure, cardiovascular disease, and stroke (Centers for Disease Control and Prevention [CDC], 2016; Li & Siegrist, 2012; World Health Organization [WHO], 2015) . These findings, along with escalating health care costs and ageing populations, draw attention to the need to establish a more preventive orientation in medicine and public health systems (Mokdad, Marks, Stroup, & Gerberding, 2004) .
Health behaviours are defined as 'activities that may help to prevent disease, detect disease and disability at an early stage, promote and enhance health, or protect from risk and injury' (Steptoe & Wardle, 2004, p. 25) . Since multiple risk behaviours are ubiquitous and each behaviour exerts an incremental effect on the likelihood of premature mortality (Loef & Walach, 2012) , there is a pressing need for research to examine health behaviour co-occurrence, due to its expected public health impact (Spring, Moller, & Coons, 2012) . In addition, there is evidence that health behaviours are interconnected (e.g., smoking and drinking, Hagger-Johnson et al., 2013) , which may imply that the impact of a given behaviour may extend beyond its direct effect. Studies have also shown that engaging in one health behaviour can influence engagement in other behaviours through processes such as cognitive transfer of psychological resources across behaviours (Fleig, Kerschreiter, Schwarzer, Pomp, & Lippke, 2014; Fleig, K€ uper, Lippke, Schwarzer, & Wiedemann, 2015) . Consequently, examining the connectivity between behaviours is a promising approach. While several efforts have recently been undertaken to examine interrelationships among multiple health behaviours (McEachan, Lawton, & Conner, 2010; Nudelman & Shiloh, 2015; Sniehotta, Presseau, Allan, & Ara ujo-Soares, 2016) , studies in this vein have yet to identify core behaviours that are highly connected and thus are likely to be particularly useful targets for interventions.
What is network analysis and why is it important for health behaviour research? In general, a network is a set of interconnected entities or nodes (Wasserman & Faust, 1994) . Network analysis focuses on the relations between the nodes and the patterns formed by these relations (Marin & Wellman, 2011) . Unlike common techniques that address multiple associations between elements by applying grouping algorithms (e.g., factor analysis), the network analytic approach has the unique potential to reveal 'central' nodes, which are elements that are strongly linked to the other nodes in the network.
The current study proposes that network analysis, wherein health behaviours are considered as elements of a weighted network, can serve as an innovative tool for unpacking the associations among them. To our knowledge, the application of network analysis to health behaviours has not been explored yet, although it may have the potential to elucidate between-behaviours processes. The weight of a tie between two nodes (health behaviours) reflects the strength of their co-occurrence -that is, the extent to which an individual who practises one behaviour is likely to practise the other.
The decision to engage in health behaviours and subsequent implementation of this decision are psychologically driven and determined by beliefs, attitudes, and intentions (Ajzen, 1991; Schwarzer, 2008) . Investigating psychological phenomena from a network perspective is gaining recognition in recent years (Epskamp, Borsboom, & Fried, 2018; Lowe & Norman, 2013) . For example, the network approach to psychopathology has provided a theoretical framework for investigating mental disorders as interactions between symptoms in a network (Borsboom, 2017; Borsboom & Cramer, 2013; Cramer & Borsboom, 2015; Cramer, Waldorp, van der Maas, & Borsboom, 2010) . In the context of the current investigation, the psychological elements related to engagement in health behaviors correspond with the causal attitude network model (Dalege et al., 2016) , which conceptualizes attitudes as a network of evaluative reactions (beliefs, feelings, and behaviours). This model assumes cognitive consistency, that is, that the evaluative reactions have a tendency to align with each other and that the interactions between them are aimed at optimizing this consistency. Correspondingly, we conceptualize health behaviours as a network of evaluative reactions, wherein engagement in one behaviour can influence other behaviours in ways that increase their congruency (Fleig et al., 2015) , representing an attitude towards a healthy lifestyle or being a healthy person (Donovan, Jessor, & Costa, 1993; Rosenstock, 1969) . By applying network analysis, the causal attitude network model can be used to infer which evaluative reactions are most likely to influence decision making and which are potentially the most effective targets for persuasion attempts Dalege, Borsboom, van Harreveld, Waldorp, & van der Maas, 2017) . Similarly, we aimed to identify health behaviours with high centrality, which is a major indicator of the likelihood of engaging in other behaviours. As such, they may potentially be gateway behaviours (Nigg, Allegrante, & Ory, 2002) , whose modification might influence additional health behaviours, thereby affecting health outcomes far beyond the initial effect of the targeted behaviours.
Hypotheses
Theories of resources (e.g., Conservation of Resources Theory, Hobfoll, 2001 ; Hierarchy of Needs, Maslow, 1943) maintain that individuals are driven to obtain and retain resources. Thus, obtaining resources can enhance health (Hobfoll, 2011) , while inability to obtain or retain resources can cause stress (Kalish, Luria, Toker, & Westman, 2015) and impair the capacity to engage in higher level behaviours (Maslow, 1943) . Consequently, we predicted that health behaviours pertaining to basic physiological needs, such as adequate sleep or food consumption that fulfils nutritional requirements, may be necessary in order to provide individuals with sufficient resources for engaging in higher level behaviours (e.g., physical exercise or medical check-ups). Indeed, sleep deprivation can cause a range of neurobehavioural deficits and strongly impair human functioning (Banks & Dinges, 2007) . Nutrition-related behaviours have a well-established impact on health (WHO, 2015) , in addition to fulfilling important social and symbolic functions (Stead, McDermott, MacKintosh, & Adamson, 2011) . Moreover, given that a lack of resources manifests as stress, activities aimed at mitigating stress (and thereby restoring resources) may also be relevant to other health behaviours (Raposa, Bower, Hammen, Najman, & Brennan, 2014) . Therefore, the primary hypothesis was as follows:
Although some needs and resources are universal (Keller, 2012) , others are influenced by social and cultural processes (Hobfoll, 2012) . In particular, consistent with the mediating role of financial and psychosocial resources in the association between socio-economic status (SES) and health (Kristenson, Eriksen, Sluiter, Starke, & Ursin, 2004) , people from lower (compared to higher) SES may limit their health behaviours to those that aim to achieve more basic needs. For example, they are likely to be more preoccupied with the monetary costs of their food (Monsivais, Aggarwal, & Drewnowski, 2012) and allocate fewer resources to higher order aspects of their diet. Thus, we predicted that maintaining a regular diet schedule (rather than simply eating healthy food) and maintaining comfortable sleeping conditions (rather than simply sleeping enough) are likely to be more central among high-SES compared to low-SES individuals. High-SES individuals may also have greater capacity to engage in preventive and financially dependent behaviours, especially those pertaining to medical services (Adler & Newman, 2002) . Hence, a second hypothesis was formulated:
Hypothesis 2: 'Eating meals regularly' and 'sleep hygiene' (H2a) as well as 'undergoing periodic medical examinations' (H2b) are more central among people from high-compared to low-SES groups.
Gender also influences individuals' valuation of certain resources. The gender schema theory (Bem, 1981; Starr & Zurbriggen, 2017) maintains that socialization processes create a gender-based cognitive structure that organizes and guides perceptions and information processing. For example, intimate relationships, a universally significant resource (Hobfoll, 2001) , is particularly important for women (Kendler, Myers, & Prescott, 2005) . Women provide, receive, and seek more social support than men (Ashton & Fuehrer, 1993; Belle, 1982; Burda, Vaux, & Schill, 1984) . Compared to men, women also pay more attention to their skin condition and physical appearance (Greitemeyer, 2007; Jones et al., 2004; Sprecher, 1989) . Accordingly, the third hypothesis was as follows:
Hypothesis 3: 'Behaviours related to creating and maintaining supportive social relationships' (H3a) and 'behaviours related to protection from sun damage' (H3b) are more central among women than among men.
Methods
Participants A stratified sample of 374 adults (194 women), representative of the population of Israel, participated in the study. The sample size corresponds with guidelines for network modelling (Kolaczyk & Krivitsky, 2015) . Age ranged between 18 and 60 years (M = 38.13, SD = 13.02). Participants' highest education levels were elementary school: 0.8%; middle school: 5.3%; high school: 35.0%; some higher education: 24.3%; bachelor's degree: 23.3%; master's degree: 8.6%; PhD: 1.9%; 0.8% unreported. Income levels were much below the average: 9.1%; a little below: 13.9%; similar to the average: 28.1%; a little above: 26.2%; much above the average: 10.4%; 12.3% unreported.
Measures

Performance of Health Behaviours Questionnaire
A comprehensive set of 37 health behaviours (Appendix S1), such as eating fruits and vegetables, exercising, and avoiding smoking, was compiled by incorporating behaviours targeted by health organizations and government recommendations (CDC, 2016; WHO, 2015) , used in meta-analyses (Hagger & Chatzisarantis, 2009; Krebs, Prochaska, & Rossi, 2010; McEachan, Conner, Taylor, & Lawton, 2011; Rivis & Sheeran, 2003) , and analysed in previous research on multiple health behaviours (McEachan et al., 2010; Nudelman & Shiloh, 2015; Sniehotta et al., 2016) . The behaviours were randomly presented to the participants and the instructions were as follows: 'Please indicate the extent to which you perform each of the following behaviours, on a scale of 1 (not at all) to 7 (to a great extent)'.
Demographic items
Participants were asked to indicate their age, gender, education, and income compared to the household monthly average in Israel (~$3,000).
Procedure
The study was part of a research project that examined health behaviours and was approved by the Institutional Review Board (for additional details, see Nudelman & Shiloh, 2015) . Face-to-face interviews were conducted by trained interviewers from a large survey company in participants' homes to assure their identity. Representativeness of the population was achieved by randomly selecting thirty cities from a list of cities based on data from the Central Bureau of Statistics and determining sample size in proportion to their population size. Within each city, streets were randomly chosen and within every street, apartments on every other floor in every third house were approached. In each apartment, the interviewer introduced himself/herself as a member of a survey company that is conducting a university study related to health and sought informed consent from one inhabitant randomly chosen to participate in the study. The interviewer read the items to the participants and recorded their answers to the Performance of Health Behaviours Questionnaire, the Demographic items, and other measures unrelated to the current study.
Data preparation and analysis SES level
Indices of two major socio-economic indicators were averaged: education and income, comprising five ordinal categories each (Galobardes, Shaw, Lawlor, Lynch, & Davey Smith, 2006) . The original item measuring education included seven categories, but the lowest and highest education categories accounted for <3% of the sample, and were thus merged with their adjacent categories, forming a total of five categories. The median of the combined SES measure was exactly the middle of the scale (3) and corresponded to its mean (3.06, SD = 0.84). Consequently, high-and low-SES participants were defined as individuals whose SES indices were above or below the median, respectively. Thus, a network based on scores of 3.5 and higher (n = 132) was compared with a network based on scores of 2.5 and lower (n = 118).
Network analyses
In order to identify central nodes, we evaluated each node's 'degree' centrality (Freeman, 1978) , which can be interpreted as its ability to directly connect to other nodes (Borgatti, 2005) . This definition underscores the importance of 'central' behaviours in the network. 1 According to the causal attitude network model, the strength of the links between evaluative reactions can be calculated by methods such as zero-order correlations or partial correlations (Cramer et al., 2010) . Thus, matrices comprising all Pearson product-moment correlations between each pair of health behaviours, representing their weighted tie in the network, were used to calculate the 'degree' centrality indices. This differs from other analyses of psychological networks, which tend to reduce the number of edges in the network and use estimations of the strength of the connections, such as partial correlations . Subsequent network analyses were conducted using the weighted network procedure package tnet (Opsahl, 2009) .
2 In addition, a K-means clustering procedure (Hartigan, 1975) was utilized to classify health behaviours into three groups by their centrality, in order to provide a quick overview of the different levels of behavioural centrality.
Network analysis has traditionally focused only on describing the network. With the transitioning of networks to psychological science, the question of comparing the centrality of a specific node between two subpopulations measured on the same set of nodes is becoming more relevant. Previous work relied on descriptive statistics and graphical inspections to examine differences in node centrality between subpopulations (Coronges, Stacy, & Valente, 2007) . However, we sought to develop a statistical model for hypothesis testing in networks in order to test differences in behaviour centrality (Hypotheses 2 and 3). Therefore, an algorithm applying a bootstrapping approach to networks (Efron & Tibshirani, 1994; Manly, 2007; Opsahl, Colizza, Panzarasa, & Ramasco, 2008 ) that can provide a statistical answer was developed and executed in R version 3.3.0 (R Core Team, 2016) . Within a single comparison (i.e., SES or gender), one of the two groups for comparison was chosen (in our case, low-SES individuals and men). Within each chosen group, the centrality of the behaviour under assessment was calculated 5,000 times, each time by randomly sampling (with replacement) 36 values from its ties with other behaviours. Thus, a centrality sampling distribution was created for each behaviour in that specific subgroup. Using the sampling distribution, a confidence interval (CI) of 90% (due to the directional hypotheses) was subsequently determined. Then, the centrality of the behaviour in the corresponding subgroups (high-SES individuals or women) was evaluated: If it was outside the boundaries of the confidence interval, the difference was considered significant at a 5% level. Since the research hypotheses involved comparisons of relative behaviour centrality, the values for comparison were transformed into percentiles according to their relevant distributions and then compared, to control for group differences in absolute behaviour centrality. This is a new procedure for testing hypotheses and comparing centralities across multiple subsamples in network analysis, adding an important contribution to this emerging field.
Results
In line with Open Science guidelines (https://opennessinitiative.org/the-initiative/), the data of this study can be found in the following link: https://doi.org/10.17605/OSF.IO/ P45D2. Correlation matrices were developed and analysed separately for the entire sample (Table 1) , for women, for men, for high-SES participants, and for low-SES participants (Appendix S2). Table 1 demonstrates that only a few behaviours, such as sleeping enough, were consistently correlated with other health behaviours. This supports the rationale for conducting network analysis to identify variations in behavioural connectivity.
Network density for the entire sample, the average strength of all possible ties in the network (Hanneman & Riddle, 2005) , was 0.235. Table 2 presents the centrality indices for all health behaviours. Centrality was not correlated with behaviours' frequency of performance, r(35) = À.25, p > .1, or with their perceived importance, 3 r(34) = .15, p > .1, which appear in Table 2 .
The K-means clustering procedure converged after three iterations and resulted in a classification with the following properties: F(2, 34) = 93.78, p < .0001, g 2 = .85. The final cluster centres were 9.42 (n = 24), 7.44 (n = 7), and 5.85 (n = 6), representing behaviours with high, medium, and low centrality, respectively (Table 1 ). In accordance with Hypothesis 1, eating a healthy and diverse diet, sleeping enough, and sleep hygiene were the most central behaviours (top decile) across the entire sample (Table 1) . Stress management behaviours, also predicted to be central, were not included in the top decile.
Researchers external to the network approach may view centrality as a by-product of engagement (e.g., if one performs a behaviour more -it is more central), which misrepresents the concept of centrality in networks. To further address the possible explanation of centrality as a function of level of engagement, that is, that higher centrality is merely the cause of increased engagement in a behaviour, we performed a series of sensitivity analyses wherein one or two behaviours with the lowest or highest engagement levels were removed from the network. Behaviours with highest centrality remained identical across all the analyses (Appendix S3). We also examined possible differences between the results obtained from the weighted network algorithm and more traditional network approaches: An additional analysis was performed using the software UCINET (Borgatti, Everett, & Freeman, 2002 ) and a binary matrix wherein a correlation above the average density was coded as 1 and below the average as 0 (Figure 1) . The analysis revealed that the behaviours with highest centrality (top decile) were identical to those found by using weighted network and tnet procedure in R, demonstrating the robustness of the findings. In addition, for the purpose of comparison, a principal component analysis was performed (Appendix S4). It yielded clusters of health behaviours (e.g., behaviours related to nutrition, stress management and sleep, and medically related issues), but did not provide evidence for behavioural centrality.
Prior to examining the hypotheses regarding the comparisons between networks, we calculated their density (Hanneman & Riddle, 2005) . Network density for men and women networks was 0.238 and 0.237, respectively, and for high-and low-SES networks was 0.207 and 0.271, respectively. These indices suggest that the various networks are characterized by similar density, enabling a valid comparison of the centralities of their nodes. 
Discussion
Recognition of the importance of behavioural risk factors for premature mortality and the increase in health care burden (Auerbach & Kellermann, 2011) require continuous efforts to develop new methods for investigating health behaviours. To address this challenge, the current study conceptualized health behaviours as evaluative reactions and utilized network analysis to understand the relationships among them and identify behaviours that might be of particular interest. Our findings provide first evidence of the feasibility and utility of viewing health behaviours as an interconnected network. In particular, centrality in a network refers to the structural importance of a given behaviour (Freeman, 1978) , with higher centrality corresponding to having stronger ties with the other health behaviours. Consistent with Conservation of Resources Theory (Hobfoll, 2001) , the most central health behaviours in our network were those related to the attainment of basic physiological resources. Therefore, these behaviours may hold a greater influence on the structure of health behaviours and represent focal points in the network.
Notably, the centrality of behaviours in the network was unrelated to their perceived importance and reported engagement. For example, the current findings indicate that physical activity, which individuals perceive as highly important, is less central compared with other health behaviours, whereas behaviours perceived as less important, such as sleep hygiene, are highly central. These observations suggest that, whereas actual performance of a behaviour or judgements of its importance (Wardle & Steptoe, 1991) can provide information on individuals' conscious perceptions of behaviours, the network centrality of a behaviour (Borgatti, 2005) may capture fundamental qualities that people are unaware of and draw attention to unique features related to the relationships between behaviours. For example, it may represent integrated information concerning shared underlying motivations (Geller, Lippke, & Nigg, 2016) ; goal conflict or facilitation (Presseau, Tait, Johnston, Francis, & Sniehotta, 2013) ; or shared health beliefs (Fleig et al., 2014; Kn€ auper, Rabiau, Cohen, & Patriciu, 2004) .
High-centrality behaviours
Eating a healthy and diverse diet can decrease the chances of diabetes, heart disease, stroke, and cancer (WHO, 2015) . However, apart from the direct effects of diet on health, the high network centrality of nutritional habits represents their core role in a healthy lifestyle. In other words, it is possible that the established high impact of nutrition on Notes. The number in each cell represents 'degree' centrality, unless otherwise indicated. The list is ordered according to descending centrality calculated using the entire sample. The four most central behaviours in each demographic subgroup are marked by a grey shade. Sensitivity analysis -reanalysing the data after adding/ removing behaviours -displayed similar results.
a Measured by the Performance of Health Behaviours Questionnaire on a scale of 1 (not at all) to 7 (to a great extent).
b
Perceived importance scores for all behaviours, except 'avoiding daily hazards', appear in Nudelman and Shiloh (2015) and were measured in a different sample on a scale of 1 (no impact on health) to 7 (high impact on health).
health might be partly attributable to outcomes related to other interconnected health behaviours. Unlike nutrition, sleep is often overlooked in health interventions and preventive behavioural medicine research (Calitz, Pollack, Millard, & Yach, 2015) . However, as predicted, sleeping behaviours were highly central in the network of health behaviours. This finding is consistent with the conceptualization of sleep as a basic resource that affects many other higher order health behaviours, such as physical activity and smoking (Laurson, Lee, & Eisenmann, 2015; Zhang, Samet, Caffo, & Punjabi, 2006) . Inadequate or insufficient sleep can also impair cognitive, emotional, and coping abilities (Beebe, 2011; Dahl, 1996) and have adverse effects on learning and decision making (Whitney, Hinson, Jackson, & Van Dongen, 2015) . These deficits may lead to failure in implementing intentions to engage in healthy behaviours (Sniehotta et al., 2016) . In addition, insufficient and inadequate sleep is associated with increased risk of cardiovascular disease, metabolic syndrome, and hormone-related and colorectal cancer (Ayas et al., 2003; Jennings, Muldoon, Hall, Buysse, & Manuck, 2007; Zhao et al., 2013) . Therefore, the current findings underscore the need to address sleep as a key element in preventive medicine.
Stress management behaviours were not found to be as central as predicted. Despite being a key element in psychological functioning, stress is indeed not considered a basic resource, but rather a consequence of resource loss (Hobfoll, 2001) . However, it is also possible that the generic labelling of this item (i.e., behaviours to reduce stress) may have led to an underrepresentation of the real centrality of such behaviours. People might not necessarily recognize certain behaviours, such as overeating and insufficient sleep (Adam & Epel, 2007; Dahlgren, Kecklund, & Akerstedt, 2005) , as means of coping with stress, and future studies should examine the magnitude of stress management activities on a more individually meaningful level. Note. For simplification purposes, the existence of an edge in the figure represents an above-average density correlation. Node-size is based on the 'degree' centrality index. In order to emphasize the visual difference, the degree was divided by 10, raised to the power of 3, and then divided by 500.
Socio-economic status and gender Socio-economic health disparities have been identified and discussed extensively (for a review, see Adler & Rehkopf, 2008) . In particular, possession of greater financial and social resources enables individuals to make healthier choices and to self-manage disease more effectively (Goldman & Smith, 2002; Monsivais et al., 2012) . This translates into higher likelihood of chronic diseases among low-SES compared to high-SES groups (Kanervisto et al., 2011; Louwman et al., 2010) . Differences between social classes also manifested themselves in our network analyses: Behaviours related to the attainment of basic resources such as 'eating a healthy diet' were less central among high-compared to low-SES individuals, while higher level behaviours such as 'eating meals regularly' became more central. These differences correspond with health disparities, since eating meals regularly is positively correlated with decreased smoking, alcohol use, and sedentary lifestyle (Keski-Rahkonen, Kaprio, Rissanen, Virkkunen, & Rose, 2003) and inversely associated with metabolic diseases and insulin resistance (Moran-Ramos, Baez-Ruiz, Buijs, & Escobar, 2016; Sierra-Johnson et al., 2008) .
Nutritional habits were highly central for both genders. However, as predicted, activities related to creating and maintaining social relationships were more central among women. This is consistent with reports that social support is a more important predictor of good health for women than men (Denton & Walters, 1999; Hobfoll, 2001; Kendler et al., 2005) and might suggest that among women, maintaining positive social relationships facilitates engagement in additional health behaviours that subsequently increase its impact on health.
Network analysis
In the last decade, network analysis has been gaining popularity as a methodological framework for analysing the relationships between psychological constructs. Similar to our analytic approach, measured variables are represented by nodes and the statistical relationship between them are represented as edges. However, the typical approach for conducting psychological network analysis involves two steps: estimating a statistical model on data and using network analytic techniques to examine its properties . The first step makes psychological networks different from other network structures, since in the latter, connections are observed, while in the former, the strength of the connections is an estimation of the parameter (usually partial correlations coefficients), which becomes more accurate as sample size increases. The network is then often treated as a pairwise Markov random field model, which is called an Ising model if the data are binary or a Gaussian graphical model if the data are weighted. In addition, compared to traditional network analysis, psychological networks address a problem of somewhat small datasets by using the 'least absolute shrinkage and selection operator' (LASSO, Tibshirani, 2011) , a technique that eliminates edges and returns a sparse network model with a relatively small number of edges. Although this approach has its advantages, it may also lead to over-reduction of the data and might not discover some true edges , making the interpretation of the network and any inferences from its structure questionable and necessitating various sensitivity analyses .
The approach presented herein is more similar to social network analysis and uses the explicit relationship (Pearson correlation coefficients) between variables as weights, contrary to partial correlation coefficients. We also did not reduce the number of edges in our network, resulting in a more densely connected network that represents all components of the original data. This approach was tailored for the bootstrapping methodology that was used to examine differences in centrality between various subgroups, since it required comparing nodes with varying centrality levels, whose edges might have been modified to zero in the LASSO process. Therefore, while our approach might suffer from certain inaccuracies in parameter estimations, it eliminates the risk of changes in centrality due to node selection that is deemed critical in psychological network analysis . Consequently, researchers who are interested in examining observed patterns and the relationships between the centrality of nodes across subgroups will benefit from our approach, while researchers who are interested in simplifying phenomena or unpacking the underlying global network structure may opt for the psychological network approach, which enables the estimation of edges and use various techniques for reducing the complexity of the network. In such cases, it is important that researchers conduct sensitivity and stability analyses to ensure that their results are robust . Similar to this suggestion, we also investigated the stability of the centrality indices after deleting nodes from the network (Costenbader & Valente, 2003) . However, our sensitivity analysis was not random but involved nodes with particular importance based on frequency of performance.
Practical implications
Recent studies suggest that changes in certain health behaviours have the potential to influence other health behaviours (Fleig et al., 2014 (Fleig et al., , 2015 . The current findings suggest that the behavioural impact of an intervention aimed at changing one health behaviour should be assessed according to the cumulative changes in the targeted behaviour plus its collateral effects on other health behaviours and according to the combined health outcomes corresponding to all these behavioural changes (similar to Christakis, 2004) . Applying this approach to the design of assessment studies (e.g., the RE-AIM framework, Gaglio, Shoup, & Glasgow, 2013) might reveal that the impact of health interventions is larger than previously estimated (Goetzel & Ozminkowski, 2008) .
Another implication of the network conceptualization is that overall change can occur through an abundance of different pathways, as each node can serve as a gateway to instigate change in the network (Dalege et al., 2016) . While a peripheral behaviour in the network (e.g., vaccination uptake) can change rather independently of the other behaviours, a highly central behaviour (e.g., eating habits) is very unlikely to change independent of change in the whole network and vice versa. Subsequently, changes taking place in behaviours with high centrality are expected to be more consequential (Dalege et al., 2016) . Although centrality may be biased and needs to be interpreted in the context of the sample and the network characteristics, choosing the most central node might be a viable heuristic for determining intervention targets . Therefore, the network approach may be useful in the design of health interventions that target a limited number of behaviours, since it has the capacity to identify central behaviours (such as nutrition and sleep behaviours) whose modification might potentially mobilize the entire network. It is important to note that choosing intervention targets should be a function of the goals of the specific intervention, and thus could focus on peripheral behaviours in the network. Such interventions might also benefit from the network approach by understanding co-occurrence of additional behaviours that depend on the targeted behaviour, which will enable tailoring interventions to that particular network in order to achieve increased health benefits. Furthermore, our findings suggest that it might be beneficial to tailor centrality-based health interventions to specific SES and gender groups. For example, perhaps health interventions should place a greater emphasis on eating a healthy diet when targeting low-SES participants compared to high-SES participants, since such behaviours have higher centrality in the former group, which might indicate their potential impact on other health behaviours. Future studies should develop this notion by applying the network approach to the study of multiple health behaviours in other populations (Prochaska, 2008) .
Finally, beyond its contribution to health behaviour research, our study adds to the field of network analysis by presenting a method for comparing centralities between groups. It is based on the bootstrap approach (Manly, 2007) , which has been recently introduced as a method to assess accuracy and stability of network structures , and can be applied to test differences between any two networks concerning any centrality measure (Borgatti, 2005) . As such, it provides a valuable tool for hypothesis testing in network research.
Limitations
The current investigation applied network analysis to a representative sample of the population. However, the findings should be validated using a larger sample size that is more compatible with requirement of psychological network analysis . In addition, since the findings indicate that health behaviour centrality varies according to SES and gender, any generalizations should be made with caution and adapted to the social and cultural characteristics of the examined population. For example, changes in health status or policy can lead to changes in access to medical care (Sommers et al., 2014) , which may eventually increase or decrease similarity in behaviour centrality between low-and high-SES groups. Future efforts should be directed towards identifying and mapping such modifiers of the health behaviour network.
Moreover, it is important to emphasize that, despite promising evidence that changing a single behaviour can affect engagement in other health behaviours (Fleig et al., 2014 (Fleig et al., , 2015 , further experimental and behavioural change studies are required in order to establish causal relationships and to validate the benefits that a network analysis approach can provide to health promotion efforts. In addition, the data on the interrelationships between the various health behaviours in the current study were based on self-reports, the list of behaviours may not have been exhaustive, and the connections between some behaviours in our data might not represent their exact value in the population. Thus, systematic replications are needed as well as objective measures, such as accelerometers and medical records (Rolnick et al., 2013; Sylvia, Bernstein, Hubbard, Keating, & Anderson, 2014) , which should be utilized in future studies to confirm the centrality of actual behaviours. A related issue is the potential overlap between behaviours (e.g., addressing dietary-related activities) that may spuriously increase their centrality. This is parallel to the topological overlap problem in psychopathological networks, which may be addressed by combining the overlapping variables (Fried & Cramer, 2017) . However, this solution might be unsuitable for the analysis of health behaviours, since the magnitude of the correlations between them indicates only a limited amount of overlap. Thus, future studies should examine whether centralities of highly correlated behaviours truly represent exceptional structural value or whether it is necessary to control for this overlap in order to gain a more accurate representation of the health behaviour network.
Conclusions
Health care systems are facing an increasing financial burden, while modifiable health behaviours constitute the leading causes of morbidity and premature mortality (Mokdad et al., 2004) . Limited funds and opportunities pose a challenge for preventive medicine and health promotion programmes. To assist health professionals and decision-makers in circumventing these issues, the current study applied a novel approach for studying behavioural risk factors -network analysis -highlighting network centrality as an important characteristic of health behaviours. Consequently, nutrition and sleep behaviours were identified as central in the network and should be given greater consideration in future research, due to their high connectivity with other health behaviours.
